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Although studies have demonstrated signiﬁcant associations between ENSO events and dengue fe-
ver, few have explored regional impacts on dengue fever of separate events. This study explores the
impacts of two ENSO events on regional patterns of dengue/ dengue haemorrhagic fever (DHF) in-
cidence in Indonesia. Data consist of monthly cases of dengue/DHF from 1992 to 2001 for each of
Indonesia’s 27 provinces, and monthly ﬁgures for rainfall, rainfall anomalies, temperature, relative
humidity and the Southern Oscillation Index (SOI). We conducted Pearson correlation analyses for
each independent variable against dengue/DHF incidence, using a direct month-by-month correla-
tion and applying a lag of between one and six months to each variable with respect to dengue/DHF
incidence. Based on the SOI value, we identiﬁed two ENSO events between 1992 and 2001. To
explore each event, we created two dummy variables and in regression analyses for eight provinces.
The variance of between 12.9 per cent and 24.5 per cent in provincial dengue/DHF incidence is
explained by two or three climate variables in each of the provinces (p< 0.01 to 0.1). During the
1997/98 event, the explained variance increased by between 7 per cent and 15 per cent in provinces
whose climate regimes were most affected by this event. This study demonstrates that indicators of
ENSO such as the SOI may assist in the forecast of potential dengue/DHF incidence and distribution
in Indonesia.
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Introduction
We are currently experiencing a series of the warmest years since records began in 1880,
and 2016 is on track to be the warmest year yet, even after the effects of the recent El
Nino, which emerged in early 2015, have subsided (Arndt, 2015; NASA 2016). The fre-
quency, persistence and intensity of the El Nino Southern Oscillation (ENSO), affecting
regional variations in precipitation and temperature in the tropics and subtropics, have
increased since the 1970s compared with the previous 100 years (Intergovernmental
Panel on Climate Change, 2001). As predicted by National Oceanic and Atmospheric
Administration’s Climate Prediction Centre, the recent event persisted through early
2016 to become a so-called Super El Nino on par with that of 1997–98 and, including
that in 1982–83, stands among the three strongest El Nino events on record since 1950
(Halpert, quoted in The Weather Network, 2015; NOAA 2016).
In the last decade, increasing attention has focused on associations between ENSO
events or El Nino and a variety of human health problems including vector-borne dis-
eases such as dengue fever (Glantz, 1996; McMichael et al., 1996; Epstein, 1999; Kirono
& Tapper, 1999a; Kovats et al., 2003; Hu et al., 2004; Marlier et al., 2013). The World
Health Organization (WHO) describes dengue fever as a major public health problem
(category A) and acknowledges it as one of the most signiﬁcant arboviral infectious
diseases that affects 50–100 million people each year. Because of misdiagnosis and
underreporting, this ﬁgure could be up to four times higher (WHO, 1993; 2009; Murray
et al., 2013). Temperature and rainfall together can play signiﬁcant roles in the life cycle
doi:10.1111/sjtg.12179
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of the dengue vector. Additionally, development of the dengue virus, both in the
mosquito vector and human host, and biting and breeding rates of the adult mosquitoes
accelerate under elevated temperatures (Rodhain & Rosen, 1997; Gubler, 1998; Gubler
& Meltzer, 1999; Keating, 2001).
Studies in Indonesia, Hawaii, Colombia, French Guiana, the Caribbean, the Paciﬁc
Islands and Mexico demonstrate signiﬁcant associations between ENSO events and den-
gue fever (Hales et al., 1996; Poveda et al., 2000; Corwin et al., 2001; Gagnon et al., 2001;
Gubler DJ, pers. comm., email message to author, 2003; Amarakoon et al., 2007, Hurtado-
Diaz et al., 2007; Kolivras, 2010). In all but one of these studies, the dengue data are ag-
gregated annually and/or nationally. The exception is the study by Corwin et al. (2001),
which focuses on one epidemic period in one Indonesian city. Only two studies use the
Southern Oscillation Index (SOI) as a direct indicator of the ENSO event, while the re-
maining three assign non-numeric markers, i.e., El Nino +1. Ascribing one measure to
all ENSO1 events assumes that there is a ‘standard’. However, this is deﬁnitely not the case
(NOAA, 2006; 2016). Each ENSO event differs, sometimes quite dramatically, in dura-
tion, intensity and the nature of its climatic implications. Especially intense events are
followed by a La Nina phase characterized in theWestern Paciﬁc region by excess rainfall,
in contrast to the rainfall deﬁcit commonly associated with the El Nino phase. Numeric
variables of ENSO, such as the SOI, can provide an indication of the duration and intensity
of each phase of these events and are therefore more appropriate for investigating their
impact. Hence, this paper aims to address the shortfall perceived in previous studies by
considering the varying regional impacts of two ENSO events and the associated variation
in regional patterns of dengue/ dengue haemorrhagic fever (DHF) incidence under a
range of climatic and environmental situations.
Materials and methods
Monthly cases of DHF from 1992 to 2001 for each of Indonesia’s 27 provinces were sup-
plied by the Indonesian Ministry of Health (MoH). This period was chosen, because data
are available for that period and that decade has two signiﬁcant El Nino/La Nina events.
All cases in Indonesia are diagnosed according to WHO guidelines and the same data are
used by WHO to compile their country reports. According to a representative from the
Indonesian Ministry of Health (Rita Kusriastuti, pers. comm., email message to author,
2003), these data are known to include a number of classic dengue cases, because of dif-
ferences in diagnostic criteria applied by physicians and rural health workers throughout
the country (Rita Kusriastuti, a representative from Indonesian Ministry of Health, pers.
comm., email message to author, 2003). This limitation is assumed for the purposes of
this study, not to signiﬁcantly affect or skew the data and its emerging patterns. It is also
assumed that any overreporting of the DHF situation is offset by the considerable
underreporting, which most authors agree is commonplace in disease statistics especially
in developing countries (Monath, 1995; WHO, 2009). For these reasons, this study
considers the MoH DHF data to be indicative of dengue/DHF incidence. From these data,
mean yearly incidence rates for each province were calculated, categorized and mapped,
as shown in Figure 1.
Monthly rainfall data from 1992 to 1999 were supplied by Kirono (2000) and supple-
mented for the years 2000 and 2001 by Mulyono Prabowo of the Indonesian Bureau of
Meteorology. These data were used to create a fourth variable for each province
depicting monthly rainfall anomalies (the amount by which each month’s rainfall is
above or below a deﬁned average), based on the 10-year month-by-month average.
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Indonesia’s rainfall is characterized by substantial seasonal and regional variability, a
pattern that is exacerbated by ENSO climate variability (Kirono & Tapper, 1999b). Many
regions, especially in the south and east, experience intense seasonal drought during the
Austral winter (dry season), but at other times of the year ﬂooding rains can occur across
large areas of the country.
Monthly temperature and relative humidity data (the ratio of the actual moisture
content of the atmosphere as compared to the maximum that can be held for a given
temperature) for the same 10-year period were derived from NCEP/NCAR (National
Centers for Environmental Prediction/ National Center for Atmospheric Research) data,
which were provided by the NOAA-CIRES Climate Diagnostics Center, Boulder,
Colorado. Average daily temperatures across Indonesia do not vary signiﬁcantly, gener-
ally remaining between 23°C and 28°C (Kuipers, 1993). Depending on altitude and
geographic location, regional temperatures can range from a minimum of 19°C to a
maximum of 35°C. Relative humidity in Indonesia is consistently high, averaging be-
tween 70 and 80 per cent. Regionally, levels rarely fall below 63 per cent, while values
above 90 per cent occur fairly regularly (Asian Development Bank, 1994).
Between 1992 and 2001, two signiﬁcant El Nino Southern Oscillation or ENSO
events occurred in 1992–1995 and 1997–1998. The SOI was used to monitor the devel-
opment and movement of the ENSO phenomenon and presented in the form of monthly
anomalies. Monthly SOI values for the relevant 10-year period were obtained from the
Australian Bureau of Meteorology’s website (n.d.).
Since it was not practical to carry out a detailed investigation of all 27 provinces, a re-
gional focus was adopted through the selection of eight provinces based on their varying
characteristics with regard to climate, pattern of dengue/DHF incidence and population
density. To ensure that the chosen provinces were appropriately disparate in terms of
dengue/DHF and demographic characteristics, the selection process took into account
characteristic features of provincial dengue/DHF incidence proﬁles, mean and maximum
Figure 1. Mean yearly provincial dengue/DHF incidence rates per 100 000, based on a 8 to 10-year period
from 1992–2001.
Sources: Indonesian Ministry of Health (data); Kirono, 2000 (basemap).
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yearly incidence rates for each province, provincial population densities and results of a
spatial autocorrelation analysis. In addition, the following four selection criteria were
observed to accommodate the full range of dengue/DHF situations.
1. Provinces represented each of Indonesia’s ﬁve climatic regions identiﬁed by Kirono (2000).
2. Their dengue/DHF incidence proﬁles were different yet representative of temporal charac-
teristics shared by more than one province.
3. They were representative of different combinations of various provincial population densi-
ties and mean and maximum yearly incidence rates.
4. If their patterns of dengue/DHF incidence were highly correlated, the provinces were
deemed sufﬁciently different from each other in at least one other respect —either popula-
tion density, mean and maximum yearly incidence rate or intensity of incidence.
On these bases, ﬁve provinces (East Kalimantan, West Kalimantan, Central Sulawesi,
Central Java and Maluku) and three outliers (Aceh, West Nusa Tenggara and Jakarta)
were selected (see Arcari et al., 2007 for a full description of this selection process).
Two phases of statistical analysis were used to explore associations between the ﬁve in-
dependent variables (rainfall, rainfall anomalies, temperature, relative humidity and the
SOI) and the dependent variable (dengue/DHF incidence rates). First, a Pearson correla-
tion analysis (signiﬁcance level 95 per cent) was conducted for each independent variable
against dengue/DHF incidence. In addition to a direct month-by-month correlation, each
variable was lagged between one and six months, with respect to dengue/DHF incidence.
Second, a series of stepwise multiple regression analyses that used all ﬁve independent
variables were conducted using a basic unlagged dataset for each province and a second
dataset that incorporated the most signiﬁcant lag for each variable according to the initial
Pearson correlation analysis (see Arcari et al., 2007 for a full description and explanation of
thesemethods). The ﬁnal results of the provincial analyses from this paper summarized in
Table 1 provide a basis against which to compare the outcomes of the ENSO analyses,
which are the subject of this paper. The two sets of regression analyses are referred to as
either non-ENSO or ENSO (ENSO1 and ENSO2), to be distinguished from each other.
Only the results of the optimal regression models for each province, i.e., those that
explained the most variance in dengue/DHF incidence, were included in the analysis.
The ENSO analysis
In order for the researchers to conduct a statistical analysis of the impact of the 1992–95
and 1997–98 ENSO events on dengue/DHF incidence, each event has to be deﬁned.
While acknowledging the different methods used to deﬁne ENSO events (Ropelewski &
Halpert, 1987; Trenberth & Hoar, 1996; Chiew et al., 1998; Kiladis & van Loon, 1988;
Gagnon et al., 2001), this study recognizes that ‘the deﬁnition is still evolving and...needs
to recognize the richness of the phenomenon’ (Trenberth, 1997). Following Woodruff
and Guest’s (2000) recommendation to establish measures of relevance for individual
regions, this study adopts a unique deﬁnition of ENSO events speciﬁc to Indonesia.
An SOI value of two was set as the upper limit for the event. Anything above this
value would not be considered an ENSO month. Thus the ﬁrst event (ENSO1) was de-
ﬁned as lasting from January 1992 to February 1995 (38 consecutive months), and the
second event (ENSO2) fromMarch 1997 to April 1998 (14 consecutive months). Accord-
ing to this criterion, the length of each event according will inﬂuence the results of the
regression analyses, there being 24 more months of data to associate with dengue/DHF
incidence in the ﬁrst event. However, the intention is to explore each event according
to its individual characteristics, not according to a homogeneous deﬁnition of these
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events, which, as illustrated previously, has been considered impractical by at least one
author. The length of the event, as well as its climatic impacts, may have an impact on
dengue/DHF incidence, and this factor was taken into consideration when the re-
searchers decided to maintain the different durations of each event. However this
method does not recognize the different intensities of each event, with SOI values of
Table 1. Non-ENSO multiple regression results for each province (p< 0.1). The direction and
magnitude of the association, according to the unstandardized B coefﬁcient, are indicated by
the sign. The relative importance of each variable, according to the standardized B coefﬁcient,
is given in brackets, with 1 being the most important. The lags that produced the optimal
model are provided in the last column.
Province Rainfall Rainfall
Anomalies
(Anom.)
Temperature
(Temp.)
Humidity
(Hum.)
SOI Lags
West Kalimantan ++ (1) !(2) Temp.: 0 months
Anom.: 0 months
Rainfall: 3 months
SOI: 0 months
Hum.: 2 months
East Kalimantan ! (2) ++ (1) Temp.: 0 months
Anom.: 1 month
Rainfall: 1 month
SOI: 0 months
Hum.: 4 months
Central Java + (1) ! (2) No Lags
Aceh + (1) + (3) ! (2) Temp.: 0 months
Anom.: 0 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
Jakarta + (2) ++++ (1) ! (3) Temp.: 1 month
Anom.: 3 months
Rainfall: 2 months
SOI: 0 months
Hum.: 0 months
Central Sulawesi + (3) + (1) ! (2) Temp.: 3 months
Anom.: 0 months
Rainfall: 0 months
SOI: 5 months
Hum.: 0 months
Maluku + (1) + (3) !(2) Temp.: 0 months
Anom.: 3 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
West Nusa
Tenggara
+ (1) + (3) ! (2) Temp.: 0 months
Anom.: 0 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
For each unit change in the independent variable, the magnitude of change in dengue/DHF incidence
rates is indicated as follows.
< 1 case per 100 000: + or !
2 to 3.99 cases per 100 000: +++ or !!!
1 to 1.99 cases per 100 000: ++ or !!
> 4 cases per 100 000: ++++ or !!!!
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between -25 and +2 over the 38 months of ENSO1 (1992–95) and between -28 and -8
over the 14 months of ENSO2 (1997–98) (Figure 2). This shortcoming provides an
opportunity for a third phase of statistical analysis and, while not investigated here, is
acknowledged as a potential factor during the analysis of the results.
The creation of a ‘dummy’ variable allows the effect of this variable on the dependent
variable to be investigated and quantiﬁed in what is called a dummy regression analysis
(Gujarati, 1995; de Vaus, 2002). Over the 10 years of the study period, each ENSO event
is either present or absent. If it is present during any given month, ‘1’ is entered into the
appropriate cell, if absent, ‘0’ is entered. In this way, an ENSO variable is created for each
event. From this dummy variable, ﬁve additional variables are created from the multipli-
cation of the ENSO variable with each climate variable in turn. The resulting variables
provide a representation of the behaviour of each climate variable during the ENSO pe-
riod only, with the rest of the dataset consisting of zeros; no ENSO event in any given
month means no value for that month.
For each province, the preliminary regression analyses are termed non-ENSO, and
the subsequent dummy regression analyses are termed ENSO1 and ENSO2. Because
the ENSO event data are not extracted from the non-ENSO analyses, any associations
speciﬁc to these periods are included in the overall signal. However, as this is a prelimi-
nary investigation, this method is considered to provide a sufﬁcient measure of changes
in the direction and/or magnitude of the associations between the variables speciﬁcally
during ENSO periods. If the results prove signiﬁcantly different at this level, subsequent
analyses may beneﬁt from isolating non-ENSO from ENSO periods for a more accurate
calculation of the differences.
As with the non-ENSO multiple regression analyses, both unlagged and lagged
datasets for each variable were used to conduct the dummy regression analyses. The
analyses allow a provisional comparison on the effectiveness of the Pearson correlations,
which use the full 10-year datasets, in explaining the behaviour of each variable during
the ENSO periods alone. Although not a rigorous test, the comparison at least prevents
the statistical assumptions concerning the most signiﬁcant lag, made on the basis of the
10-year Pearson correlations, from being applied perhaps incorrectly to these two indi-
vidual points in time. A thorough comparison of the R2 values (explained variance), B
coefﬁcients (magnitude of association) and signiﬁcance levels resulting from models
using various lags indicate the most appropriate model during each ENSO event.
Figure 2. Mean monthly dengue/DHF incidence rates and monthly SOI values in Jakarta from 1992–2001.
Sources: Indonesian MoH and Australian Bureau of Meteorology (n.d.).
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Multicollinearity between the climate variables is an inherent opportunity for misrep-
resentation, as certain results may reﬂect a surrogate correlation. Nevertheless, the
strength of associations and repetition of certain signals will be taken as sufﬁcient evidence
that results are signiﬁcant, within the inherent limitations of the statistical procedures.
Results
According to the data for 1992–2001, Jakarta exhibits the highest number of cases and
highest dengue/DHF incidence rates of the eight provinces. Karyanti et al. (2014) simi-
larly note that between 2010 and 2013, the highest incidence of DHF occurred in Jakarta
and Bali, while Kamaruddin and Sungkar (2013: 16) describe DHF as constituting ‘a
signiﬁcant public health problem in Jakarta’, which has approximately 25 per cent of
all diagnosed cases in Indonesia. Consequently, while the results of the ENSO regression
analyses for Jakarta are presented in full primarily to illustrate the procedure (Table 3),
an increased understanding of incidence dynamics for the most affected province will
result in more effective prevention and control. Summarized results for the remaining
provinces appear in Tables 3–6, with the non-ENSO analyses presented in Table 1.
Jakarta
The Pearson correlation values for Jakarta, for each of the ﬁve climate variables lagged 0–
6 months, indicate a need for two sets of lagged variables to fully explore the suggested
associations (see Arcari et al., 2007 for details). Hence three datasets were used for the re-
gression analyses, Datasets A, B and C (Table 2).
The non-ENSO multiple regression analyses reported in Arcari et al. (2007) reveals
that Dataset B produced the optimal model, with the adjusted R2 value showing that
24.5 per cent of the variance in dengue/DHF incidence from 1992–2001 is explained
by three variables, temperature, rainfall and the SOI (p< 0.1). The models using Datasets
A and C explain 17.7 per cent and 18.7 per cent respectively. Of the three predictors in
the optimal model, temperature is associated with the greatest magnitude of standard-
ized change in dengue/DHF incidence, followed by rainfall and then the SOI. This change
amounts to an increase in dengue/DHF incidence of 4.84 cases per 100 000 for every 1°C
increase in temperature, 0.015 cases per 100 000 for every increase in rainfall of 1 mm
and 0.109 cases per 100 000 for every one unit decrease in the value of the SOI
(see Arcari et al., 2007 for full results and explanation).
Table 3 shows the results of the ENSO1 and ENSO2 dummy multiple regression anal-
yses for each variable. As there is no change in the lags used for humidity, rainfall anom-
alies and the SOI between Datasets B and C, the percentage variance explained by these
variables during both events is the same. However, during ENSO2, there is an increase of
Table 2. Summary of datasets used in regression analyses.
Unlagged Dataset A
Lagged Dataset B Dataset C
Temperature 1 month 0 months
Rainfall 2 months 1 month
Humidity 0 months 0 months
Rainfall Anomalies 3 months 3 months
SOI 0 months 0 months
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7.1 per cent and 6 per cent respectively in the Dataset B and C models for humidity and
rainfall anomalies as compared with ENSO1. A slight decrease might have been expected
(as seen for the SOI) as a result of the smaller sample size. Therefore, some aspect of this
second event increased the magnitude of the association of dengue/DHF incidence with
humidity and rainfall anomalies. This magnitude perhaps indicates the greater intensity
of this shorter event, although further investigation would be required to clarify the
meaning and relevance of this observation.
An overview of the ENSO results for Jakarta (Table 3) shows that during the ﬁrst
event, ENSO1, the Dataset B modelled variables explain the greatest amount of cumula-
tive variance (R2) in dengue/DHF incidence. In particular, when lagged by two months
(Dataset B) as opposed to zero (Dataset A) or one month (Dataset C), the rainfall model
respectively explains 15.9 per cent and 11.9 per cent more variance. In the models for
humidity and rainfall anomalies for all three datasets, only the ENSO1 event itself
(ENSO) appears as a signiﬁcant predictor, suggesting that both these climate variables
are not signiﬁcant for dengue/DHF incidence at this time. The SOI models explain a fairly
consistent amount of variance across all three datasets. However, the value of the SOI
during the ENSO1 event itself (SOI/ENSO) does not appear any more signiﬁcant for
dengue/DHF incidence at this time than at any other time over the 10 years. Rainfall
and temperature together explain the greatest amount of variance during this event.
During ENSO2, the Dataset C models explain slightly more variance in dengue/DHF in-
cidence. This increase over Dataset B is seen in the temperature model (0.6 per cent) and
the rainfall model (1.6 per cent). The variance for humidity, rainfall anomalies and the
SOI remains constant in both lagged models—Datasets B and C. Once again, the temper-
ature and rainfall models explain the greatest amount of variance in the two lagged
models. The number of signiﬁcant predictors for these variables in each lagged model
is the same. However, when rainfall is lagged by two months (Dataset B) as opposed
to one (Dataset C), the magnitude of the association with rainfall during the event
(Rain/ENSO) decreases slightly, while rainfall over the 10-year period (Rain) appears
for the ﬁrst time as a signiﬁcant predictor during ENSO2. Table 3 shows that these ﬁve
climate variables explain signiﬁcantly more variance in dengue/DHF incidence during
ENSO2 than ENSO1. However, temperature and lagged rainfall more consistently ex-
plain a greater amount of variance in both events. The following two sections describe
the results for each event in more detail.
ENSO1. In the models for temperature during ENSO1, the generally positive association
between dengue/DHF incidence and temperature (Temp.), which is also apparent in the
non-ENSO regression (Table 1), is almost nulliﬁed by temperature speciﬁcally during this
event (Temp/ENSO). In the non-ENSO results (Table 1), a 1°C increase in temperature is
associated with an increase in incidence rates of 4.84 cases per 100 000. However,
during the ENSO1 period alone, an increase of between 7.175 cases per 100 000 for
Dataset A and 7.782 (1) cases per 100 000 (for every 1°C increase in temperature) for
Dataset B (Temp.) is countered by the effect of temperature speciﬁcally at this time
(Temp/ENSO), which reduces the positive association by !6.893 and !6.431 cases per
100 000 respectively. The net outcome is still a slight positive association, but the
magnitude of the impact of increasing temperatures on dengue/DHF incidence rates at
this time is greatly reduced. Rainfall (Rain) also generally shows a positive association
with dengue/DHF incidence. However, when rainfall is lagged by two months in
the ENSO1 Dataset B model, this association diminishes by the value of this variable
during the event itself (Rain/ENSO). Again the net outcome is still positive, but the
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magnitude of the association is reduced from 0.035 cases per 100 000 for every 1 mm
increase in rainfall to 0.005 (-0.030 for Rain/ENSO). In the models for humidity and
rainfall anomalies, the predictors for the actual variables (Hum; Hum/ENSO; Anom;
Anom/ENSO) are not signiﬁcant for dengue/DHF incidence at this time. Only the
predictor for the event itself (ENSO) appears in the output models for these variables.
The SOI for the whole 10-year period (SOI) exhibits a negative association with
dengue/DHF incidence across all three datasets (p<0.05). The SOI speciﬁcally during
the event (SOI/ENSO) is not signiﬁcant in comparison to all other times, while the
event itself (ENSO) is negatively associated with dengue/DHF incidence.
ENSO2. The ENSO2 models illustrate the very different nature of this particular event.
The temperature models for each dataset again show a positive, though lower,
association between dengue/DHF incidence and temperature throughout the 10-year
period (Temp.), as compared with ENSO1. However, this association is greatly
enhanced, rather than diminished, by the magnitude of the association with
temperature speciﬁcally during the event (Temp/ENSO)—an additional 8 to 10 cases
for every increase of 1°C. In the rainfall models, rainfall (Rain) shows a signiﬁcant
positive association with dengue/DHF incidence rates only when lagged by two
months (Dataset B: p< 0.05). However, during the event (Rain/ENSO), this variable
becomes signiﬁcant across all three modelled datasets, though once again, with a
greater impact on dengue/DHF incidence when lagged by two months (Dataset B:
p< 0.05). The 10-year values of humidity (Hum.), rainfall anomalies (Anom.) and the
SOI are not signiﬁcant for dengue/DHF incidence in any dataset models for the second
event. During the event, humidity demonstrates a positive association across all three
datasets (Hum/ENSO: p<0.05), the variable rainfall anomalies (Anom/ENSO)
demonstrates a positive, unlagged association (Dataset A: p<0.01) and a negative
lagged association (Datasets B and C: p< 0.01), and ﬁnally the SOI (SOI/ENSO)
demonstrates a negative association only in the unlagged model (Dataset A: p< 0.01).
In the two lagged models (Datasets B and C), the SOI values during the event (SOI/
ENSO) are not signiﬁcant, while the magnitude of the impact on dengue/DHF
incidence of the ENSO event itself (ENSO) is greatly enhanced (p< 0.01). Evidently,
the lagging procedure, involving a three-month extension of this event (via the three-
month lag in rainfall anomalies) has allowed some other aspect of the ENSO event to
emerge as more signiﬁcant for dengue/DHF incidence than the SOI values, despite a
clear visual association between the negative SOI values at this time and a dramatic
increase in the incidence of dengue/DHF (Figure 3). This ﬁnding tallies with the results
Figure 3. Pearson correlation analysis, with 95 per cent conﬁdence intervals, between mean monthly dengue/
DHF incidence rates and the SOI in Jakarta from 1992–2001. Sample size (n) = 115–121.
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of the Pearson correlations (Figure 4) and may be explained by the association of regular,
though less dramatic, seasonal increases in dengue/DHF incidence with both high and
low SOI values throughout the 10-year period. These associations are likely to
diminish the signiﬁcance of the SOI during this one event. The principle trends seen
during this event are that associations between dengue/DHF incidence and each
climate variable are enhanced, particularly for temperature. These associations are
strongest when rainfall anomalies are lagged by three months and rainfall by either
one or two months. A comparison of the two events based on the above results
indicates that the shorter, more intense ENSO2 event is signiﬁcantly associated with
increased rates of dengue incidence, while the longer, less intense ENSO1 event, had
the opposite effect, compared with the 10-year non-ENSO regression analysis.
Summary of provincial results
The same statistical analyses were performed for all eight provinces. The summarized
results of the non-ENSO, ENSO1 and ENSO2 analyses appear in Tables 1, 4 and 5 respec-
tively. In the non-ENSO results table, the lag times for each variable corresponding to the
optimal model are shown in the last column. The results for the ENSO1 and ENSO2
dummy regression analyses indicate in what way, if any, the associations between the
variables during these events are different from those observed over the entire 10-year
(non-ENSO) period. Compared with the results of the non-ENSO analyses, associations
between dengue/DHF incidence and any one climate variable during ENSO1 and ENSO2
may be enhanced (↑), diminished (↓), cancelled to ‘no signiﬁcance’ after being previously
signiﬁcant (Ø), reversed (↔) or unchanged (zero/capital O). Table 1 shows that temper-
ature is a signiﬁcant predictor of variations in dengue/DHF incidence in seven of the
eight provinces. The SOI appears in ﬁve, followed by rainfall, rainfall anomalies and
humidity in three provinces each. The associations with temperature are consistently
positive, while those with the SOI are consistently negative. All associations with rainfall
are positive, although Central Java and East Kalimantan exhibit signiﬁcant negative
associations with rainfall anomalies. In descending order of relative importance, temper-
ature, rainfall and the SOI exhibit the most signiﬁcant statistical associations with
dengue/DHF incidence in these eight provinces. Based on these results, three groups of
provinces were identiﬁed (Arcari et al., 2007): Central Sulawesi, Maluku, West Nusa
Tenggara and Jakarta; Aceh and Central Java; and West and East Kalimantan.
Tables 4 and 5 summarize the associations between the variables in each province
during ENSO1 and ENSO2. Table 4 shows that in seven of the eight provinces, associa-
tions with temperature during ENSO1 are diminished, cancelled to ‘no signiﬁcance’ or
reversed. Central Java, a province without former association with temperature, be-
comes the only province to exhibit an enhanced association. Central Java is also the only
province to develop a positive association with the SOI during this event where formerly
there was no association. West and East Kalimantan continue to exhibit no signiﬁcant as-
sociations with the SOI, while in Aceh, the negative association with the SOI, exhibited
in the non-ENSO analysis, is unchanged by this event. In West Nusa Tenggara, Central
Sulawesi and Maluku, the negative association with the SOI is either diminished or re-
versed to positive. Only in Jakarta is the negative association with the SOI enhanced.
With respect to rainfall, Aceh and Central Sulawesi are the only provinces to show an
enhanced positive association with rainfall and rainfall anomalies. Thus, the results for
this event show less distinction among the provinces, although West and East Kaliman-
tan and Central Java still appear to behave differently in certain respects.
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Table 4. ENSO1 multiple regression results for each province. The direction and magnitude of
the association, according to the unstandardized B coefﬁcient, are indicated by the sign. Any
change in the relationship between the variables as compared with the non-ENSO regressions,
is indicated in brackets. Where no relationship previously existed, there is no bracket. The lags
that produced the optimal model are provided in the last column.
Province Rainfall Rainfall
anomalies
(Anom.)
Temperature
(Temp.)
Humidity
(Hum.)
SOI Lags
West Kalimantan ! !(↔) !(↓) Temp.: 0 months
Anom.: 0 months
Rainfall: 3 months
SOI: 0 months
Hum.: 2 months
East Kalimantan Ø +(↔) +(↓) Temp.: 0 months
Anom.: 1 month
Rainfall: 1 month
SOI: 0 months
Hum.: 4 months
Central Java +(↓) Ø + ! + Temp.: 0 months
Anom.: 0 months
Rainfall: 1 month
SOI: 0 months
Hum.: 0 months
Aceh +(↑) + Ø !(0) Temp.: 0 months
Anom.: 0 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
Jakarta +(↓) ++(↓) !(↑) Temp.: 1 month
Anom.: 3 months
Rainfall: 2 months
SOI: 0 months
Hum.: 0 months
Central Sulawesi + +(↑) +(↓) +(↔) Temp.: 3 months
Anom.: 0 months
Rainfall 0 months
SOI: 5 months
Hum.: 0 months
Maluku Ø ! Ø !(↔) +(↔) Temp.: 0 months
Anom.: 3 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
West Nusa
Tenggara
+(↓) Ø !(↓) Temp.: 0 months
Anom.: 0 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
For each unit change in the independent variable, the magnitude of change in dengue/DHF incidence
rates is indicated as follows.
< 1 case per 100 000: + or !
2 to 3.99 cases per 100 000: +++ or !!!
1 to 1.99 cases per 100 000: ++ or !!
> 4 cases per 100 000: ++++ or !!!!
Nature of the change in the association between the variables: diminished (↓), enhanced (↑), cancelled to
‘no signiﬁcance’ (Ø), reversed (↔) and unchanged (O).
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Table 5. ENSO2 multiple regression results for each province. The direction and strength of the
association, according to the unstandardized B coefﬁcient, are indicated by the sign. Any change
in the relationship between the variables as compared with the non-ENSO regressions, is
indicated in brackets. Where no relationship previously existed, there is no bracket. The lags
that produced the optimal model are provided in the last column.
Province Rainfall Rainfall
anomalies
(Anom.)
Temperature
(Temp.)
Humidity
(Hum.)
SOI Lags
West Kalimantan ! ! ++(↑) !(↓) ! Temp.: 0 months
Anom.: 0 months
Rainfall: 3 months
SOI: 0 months
Hum.: 2 months
East Kalimantan ! !(0) ++(↑) Temp.: 0 months
Anom.: 1 month
Rainfall: 1 month
SOI: 0 months
Hum.: 4 months
Central Java +(↓) Ø + Temp.: 0 months
Anom.: 0 months
Rainfall: 1 month
SOI: 0 months
Hum.: 0 months
Aceh +(0) + Ø !(0) Temp.: 0 months
Anom.: 0 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
Jakarta +(↑) ! ++++(↑) +++ Ø Temp.: 1 month
Anom.: 3 months
Rainfall: 2 months
SOI: 0 months
Anom.: 0 months
Central Sulawesi + +(↑) +++(↑) + !(↑) Temp.: 3 months
Anom.: 0 months
Rainfall: 0 months
SOI: 5 months
Hum.: 0 months
Maluku + + ++(↑) +(↑) !(↑) Temp.: 0 months
Anom.: 0 months
Rainfall: 0 months
SOI: 1 month
Hum.: 0 months
West Nusa Tenggara + + ++(↑) Ø !(↑) Temp.: 0 months
Anom.: 0 months
Rainfall: 0 months
SOI 1: month
Hum.: 0 months
For each unit change in the independent variable, the magnitude of change in dengue/DHF incidence
rates is indicated as follows.
< 1 case per 100 000: + or !
2 to 3.99 cases per 100 000: +++ or !!!
1 to 1.99 cases per 100 000: ++ or !!
> 4 cases per 100 000: ++++ or !!!!
Nature of the change in the association between the variables: diminished (↓), enhanced (↑), cancelled to
‘no signiﬁcance’ (Ø), reversed (↔) and unchanged (O).
18 Paula Arcari and Nigel Tapper
The second ENSO event portrays a very different picture. As shown in Table 5, every
province except Aceh and Central Java exhibits an enhanced positive association with
temperature. In Central Java the strength of the positive association with temperature
is not affected by this event, while in Aceh the formerly signiﬁcant positive association
is cancelled. With regard to rainfall, formerly positive associations are either unchanged
or enhanced, while West and East Kalimantan develop negative associations with both
rainfall and rainfall anomalies. Central Java is the only province to exhibit a diminished
association with rainfall and rainfall anomalies. Central Sulawesi, Maluku andWest Nusa
Tenggara together exhibit enhanced associations with rainfall, rainfall anomalies, humid-
ity and the SOI. In contrast, East Kalimantan and Central Java show no signiﬁcant
associations with either humidity or the SOI. The results for this event support the sugges-
tion of a distinction particularly betweenWest and East Kalimantan and the remaining six
provinces, but also with Central Java and Aceh at times behaving quite differently.
Table 6 shows the R2, or percentage of variance in dengue/DHF incidence rates that is
explained by the optimal non-ENSO, ENSO1 and ENSO2 models in each province. This
table further demonstrates a distinction between certain provinces in the way the ﬁve cli-
mate variables vary in their explanatory power between the three ‘periods’. West and
East Kalimantan show little change between the non-ENSO and ENSO1 models, with
a decrease in the R2 value during ENSO2, especially in East Kalimantan. In Aceh and
Central Java, the non-ENSO models explain the greatest amount of variance. This
decreases markedly in the ENSO1 models and even further in the ENSO2 model for
Aceh. In Central Java, the magnitude of the regular seasonal dengue/DHF incidence
cycle (see Arcari et al., 2007) increased during the ENSO2 event, which is reﬂected in
the higher R2 at this time relative to the ENSO1 model. The remaining four provinces,
Jakarta, Central Sulawsi, Maluku and West Nusa Tenggara, all demonstrate a dramatic
increase in the explanatory power of the models during ENSO2 as compared with the
other provinces. Central Sulawsi, Maluku and West Nusa Tenggara have by far the
highest R2 values of the three models, while in Jakarta, as in Central Java, the non-ENSO
model explains the most variance, with only a minor decrease for ENSO2 and a more
signiﬁcant decrease for ENSO1.
The previous division of these eight provinces into three groups based on the non-
ENSO multiple regression analyses appears to be supported by the results of the ENSO
analyses below.
Central Sulawesi, Maluku, West Nusa Tenggara and Jakarta. The second ENSO event had a
markedly more dramatic association with increased dengue/DHF incidence than the
Table 6. Percentage of R2, or variance in dengue/DHF incidence rates explained by the optimal
non-ENSO, ENSO1 and ENSO2 regression models in each province.
Province Non-ENSO ENSO1 ENSO2
West Kalimantan 15.9% 15.7% 12.9%
East Kalimantan 15.3% 12.2% 6.3%
Central Java 17.8% 8.4% 13.2%
Aceh 14.4% 7.3% 4.4%
Jakarta 24.5% 13.1% 21.3%
Central Sulawesi 19.2% 11.6% 26.7%
Maluku 20.5% 9.6% 32.2%
West Nusa Tenggara 23.1% 6.8% 38.8%
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ﬁrst event. In each province, the major 10-year epidemic occurs between January and
September 1998. Associations with at least four of the ﬁve climate variables are
enhanced during the second event. The variable temperature explains the greatest
amount of overall variance in dengue/DHF incidence in these provinces. Associations
with rainfall are predominantly positive.
Aceh and Central Java. The associations between dengue/DHF incidence and the climate
variables are little altered by either ENSO event. The major epidemics in both
provinces occur outside of both ENSO periods. The variable rainfall explains the
greatest amount of overall variance in dengue/DHF incidence. Associations with
rainfall are again predominantly positive.
West and East Kalimantan. There is again little difference in the associations between
dengue/DHF incidence and the climate variables during both ENSO events as
compared with all other times. The major epidemics in both provinces occur outside of
both ENSO events. Associations with rainfall are consistently negative. Most of the
overall variance in dengue/DHF incidence is explained by temperature.
These groups were colour-coded and mapped (Figure 4). Additional provincial
attributes appear in the accompanying boxes. Indonesia’s remaining 19 provinces were
similarly categorized based solely on their characteristic patterns of dengue/DHF
incidence. This categorization provides a preliminary indication of the most likely cli-
matic associations in each province and thus the probable nature of local dengue/DHF
transmission dynamics.
Discussion
Based on this provincial analysis, it appears that regions like West Nusa Tenggara, Cen-
tral Sulawesi, Maluku, Jakarta whose rainfall regimes are signiﬁcantly altered by certain
ENSO events, as seen especially during the 1997/98 event, are more inclined to experi-
ence intense epidemic activity speciﬁcally at these times. In contrast, regions with a
strong seasonal rainfall signal, less dramatically altered by ENSO events, exhibit a pattern
of dengue/DHF incidence more synchronous either with the pattern of seasonal rainfall,
like in Aceh, Central Java, or with other factors not apparent from this study, like inWest
and East Kalimantan. Jakarta exhibits characteristics of both seasonality and epidemic
activity related to the ENSO2 event. Thus, there appears to be a connection between
the regional rainfall regime, its susceptibility to alteration under certain types of ENSO
event and the pattern of provincial dengue/DHF incidence in terms of timing and possi-
bly also intensity. This result supports ﬁndings by Vu et al. (2014) in Vietnam, where the
authors observed considerable provincial variations in weather-dengue associations
leading them to recommend local rather than national-level prevention strategies. It also
supports the proposal by Hales et al. (2003) that climate extremes are more critical for
human health than changes in means. Following Aiken et al. (1980), study results sug-
gest that the impact of increased rainfall on dengue/DHF incidence is enhanced following
a period of rainfall deﬁcit associated with the El Nino phase, a pattern observed also by
Kolivras (2010) in Hawaii.
Contrary to WHO (2004) and Henderson (Blood Weekly, 1998), this study ﬁnds too
many regional differences to support the proposal that dengue epidemics in Indonesia fol-
low a ﬁve-year periodicity. As Morin et al. (2013: 1270) have found, there are too many
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nonlinearities and feedbacks in the climate/disease system to rely on one predictor, added
to which are a host of human factors, such as ‘behaviour, immunity, and socioeconomic
inﬂuences’ that contribute to the complexity of disease dynamics. Nevertheless, as only
two ENSO events are included in this study, it is not considered a sufﬁcient basis on which
to comment deﬁnitively. The results do however support the assertion by Halstead (2008)
that ENSO does not affect the periodicity of dengue activity in this region. Rather, ENSO
events can affect the intensity of incidence, whether the underlying pattern is seasonal,
epidemic or endemic, and depending on other environmental, social, virological and
immunological factors. A study of dengue diffusion in Brazil (Barcellos & Lowe, 2014)
reached similar conclusions, whereby the authors identiﬁed areas of ‘permanent’
(endemic) and ‘discontinuous’ (seasonal or epidemic) transmission corresponding strictly
to climatic zones, leading them to similarly identify three climate categories associated
with different dengue transmission regimes. Importantly, the authors also note that their
study highlights the need to revise climate-based models and maps under conditions of
ongoing climate variability, as well as changing socio-economic conditions.
More research is needed on the magnitude of the impact on disease dynamics of even
slight changes in the duration and intensity of climate variations. In addition, the poten-
tial for the concurrence of several high-risk factors for increased dengue/DHF incidence
ought to be understood within the context of single factor studies by integrating multidis-
ciplinary data such as climate, topography, land use, virology, entomology, demographics
and particularly socio-economic and cultural factors, which are being increasingly recog-
nized as key factors in dengue transmission (Colon-Gonzalez et al., 2013; Barcellos &
Lowe, 2014; Nadeeka et al., 2014). Such additional ‘layers’ may help explain provincial
variations in Figure 4 that seem inconsistent with geographic and climatic zoning.
Conclusion
Between 12.9 per cent and 24.5 per cent of the variance in provincial dengue/DHF inci-
dence can be explained by a combination of two or three climate variables in each of the
eight selected provinces (p< 0.01 to 0.1). During the 1997/98 ENSO event, the explained
variance increased by between 7 per cent and 15 per cent in those provinces whose
climate regimes were most affected by this event. Rainfall is the principal climatic agent
affecting the geographical distribution and temporal pattern of dengue/DHF incidence,
while temperature plays a critical role in outbreak intensity (Arcari et al., 2007).
This study has demonstrated that indicators of ENSO such as the SOI may be effective
in the forecast of potential dengue/DHF incidence and distribution in Indonesia.
However, this ﬁnding is conditional on further research to determine the relationship
between SOI values and ENSO events of different lengths, intensities and climatic
outcomes. In addition, before the SOI or other indicators of ENSO can be used to assist
in the prediction of dengue/DHF incidence, it is necessary to acquire knowledge and
understanding of regional-scale factors that inﬂuence the varying impact of these events
on dengue/DHF dynamics. This knowledge relates to the following.
1. The underlying pattern of regional dengue/DHF incidence—whether endemic, epidemic,
seasonal, or a combination. This pattern will indicate if the environment is likely to be
favourable or unfavourable for year round transmission.
2. The seeming triggers for increased incidence—rainfall, drought or increased temperatures,
and the sequence and/or combination of these factors.
3. The pre-existing ecological, environmental and societal conditions that dictate how these
triggers operate, and the duration they take to result in increased dengue/DHF incidence.
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Combined with the knowledge of how an extreme event like ENSO is likely to affect
different regions, this enhanced understanding will enable those areas most at risk to
be identiﬁed and appropriate timely mitigating action to be taken, to avert a major
outbreak.
The study of ENSO events in relation to dengue incidence has the potential to deliver
greater understanding of the links between this disease and climate, and of the ways dif-
ferent regions are likely to be affected by subsequent events. The study will help govern-
ments and health authorities be better prepared to mitigate the impact of ENSO events
and may contribute to a more informed assessment of how future climate scenarios
are likely to affect broader dengue distribution and intensity. This capacity would appear
to be an increasingly urgent task given that various authors and research institutions
agree that under global warming, these ENSO events and other patterns of climate var-
iability are occurring with greater intensity and frequency, and will continue to do so.
Endnote
1. In the ENSO event regression analyses, each climate variable is modelled individually. Hence the
change in incidence rates associated with a one unit change in the variable is often greater than
in the all-in-one analyses, where all ﬁve variables are contained in one model.
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